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Abstract: Gait analysis and more specifically ambulatory monitoring of temporal and spatial gait
parameters may open relevant fields of applications in activity tracking, sports and also in the
assessment and treatment of specific diseases. Wearable technology can boost this scenario by
spreading the adoption of monitoring systems to a wide set of healthy users or patients. In this
context, we assessed a recently developed commercial smart shoe—the FootMoov—for automatic gait
phase detection in level walking. FootMoov has built-in force sensors and a triaxial accelerometer and
is able to transmit the sensor data to the smartphone through a wireless connection. We developed a
dedicated gait phase detection algorithm relying both on force and inertial information. We tested
the smart shoe on ten healthy subjects in free level walking conditions and in a laboratory setting
in comparison with an optical motion capture system. Results confirmed a reliable detection of the
gait phases. The maximum error committed, on the order of 44.7 ms, is comparable with previous
studies. Our results confirmed the possibility to exploit consumer wearable devices to extract
relevant parameters to improve the subject health or to better manage his/her progressions.
Keywords: wearable technology; gait phase; gait cycle, accelerometers; force sensors; walking;
smart shoe
1. Introduction
In the last decade, many groups have carried out research and development on wearable
electronics and sensors for unobtrusive, ambulatory and daily-life monitoring of human subjects.
The results obtained have shown the possibility to use personal wearable devices to assist and support
chronic patients [1–7], elderly people [8,9], emergency operators [10,11] and also healthy subjects
for sports, wellness and prevention [12–14]. At the same time, the wearable technology market has
exploded and is expected to further increase over the next few years, as proved by the growing interest
of big players such as Google, Apple and Samsung.
The current trend is to augment objects worn on the body—e.g., watches, glasses, bracelets—with
information and communications technology (ICT) to enable a bi-directional data exchange with a
smartphone. These wearable devices or simply wearables have been initially conceived as technological
gadgets but have the potential to support the user in the self-management of his/her health and wellness.
Indeed, smart bracelets and/or watches can include physiological (e.g., photoplethysmography,
electrodermal activity) or inertial (accelerometers, gyroscopes) sensors able to perform real-time
monitoring of subject’s health parameters and movement/physical activity. Recent studies have
reported the first attempts to employ smart watches/bracelets in e-health applications [15–19] and
many more are expected in the years to come.
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Another trend, less explored but not less promising, is to embed ICT devices inside the shoe.
The shoe is the ideal place to integrate sensors and communications technology: it has enough space
for the micro-devices and it is the object that every one wears for most of the day. This last aspect is
the key factor to enable user’s acceptance, as the user does not have to wear additional items and the
technology can be completely hidden and transparent for him/her. The integration of inertial and force
sensors in the shoe may enable a wide number of applications, ranging from simple activity/fitness
tracking (e.g., activity classification, step count, burned calories) fragile people assistance (e.g., fall
detection, pedestrian navigation) to complex biomedical assessment and gait analysis.
Gait analysis is the study of human locomotion, and it is used to assess and treat patients
with conditions affecting their walking activity [20]. The way we walk consists of consecutive
gait cycles. Each gait cycle includes a predefined sequence of phases (Heel-strike HS, Stance ST,
Heel-off HO, Swing SW; see Appendix A for a reference on the adopted terminology). Both temporal
and spatial gait parameters are important to assess a disease and/or a traumatic event, and also to
define and optimize the treatment (e.g., rehabilitation, physical therapy). The temporal and spatial
gait parameters are used in many biomedical and e-health applications, such as assessment of the
recovery in stroke patients [21,22] and gait-cycle-based control of functional electrical stimulators (FES)
for drop foot compensation [23–25]. In the robotic rehabilitation field, the quantitative evaluation
of the gait parameters allows the quantification of the improvements of the gait patterns [26].
In addition, the spatial gait parameters, such as stride length, can be associated with fall risk [27],
or elaborated for foot motion localization in applications such as emergency operator rescue and
pedestrian navigation [28–31].
The reviews from Rueterbories et al. [32] and from Taborri et al. [33] provide a full overview
of the gait phase detection methods and technologies. Many research works performed gait phase
detection through inertial sensors (accelerometers, gyroscopes, inertial measurement units - IMU)
applied to different body segments (pelvis, thigh, shank, foot) [34–38]. As a recent relevant example,
the work of Van Nguyen et al. [39] focuses on an IMU sensor for an accurate estimation of foot position,
velocity and attitude. Many other works were focused on on-foot sensors. Most of the on-foot systems
dealt with force based methods, employing foot-switches or force sensitive resistors (FSRs) to measure
the body/ground force interaction [40–42]. Force based methods have reliable performance, but are
unable to discriminate walking activities from load changes (i.e., in foot drop control, this implies the
user turning off the detection/control system at the end of the walking activity). To solve this issue,
Pappas et al. [43] combined force and inertial sensors to obtain a reliable gait phase detection system,
able to discriminate walking activities from load shifting in static tasks. They employed three FSRs
(one under the heel and two under the fore-foot region) and a gyroscope attached to the back side of
the shoe (above the heel). Force sensors detected the foot loading/unloading, while the gyroscope
estimated the foot inclination and rotational velocity. In their work, Pappas et al. [43] detected four
gait phases through a state machine whose transitions were governed by a rule based algorithm
applying predefined thresholds on the parameters extracted from the sensors (foot loading/unloading,
inclination, rotational velocity). Other examples of force and inertial sensors combination can be
found in [44,45]. As underlined in [33], gait phase partitioning algorithms can be divided into three
main classes. Threshold-based methods—such as the above reported from Pappas et al. [43]—which
apply predefined or adaptive thresholds to the sensor signals, are simple and are often suitable for
integration in embedded systems. Machine learning methods and in particular Hidden Markov Models
(HMM) are more complex than threshold based methods but have shown improved performance in
gait phase detection. As a relevant example, Mannini and Sabatini [37] developed an HMM classifier
which detected four gait phases from an uni-axial foot-mounted gyroscope, and achieved significantly
better performace than the threshold-based method applied to the same dataset. A more recent trend
is to apply hierarchical decision to the output of two or more HMMs. As reported in the work from
Taborri et al. [38], hierarchical methods provide excellent performance and are compatible with real-time
implementation.
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In-shoe sensor systems have been commonly developed for real-time detection of gait parameters
and walking patterns with applications in the assessment of specific foot pathologies (e.g., flat foot [46],
diabetic foot [47]) and posture/activity recognition for healthy subjects [48–50] or people affected
by neurological conditions such as stroke [51,52] or celebral palsy [26,53]. In-shoe sensor systems
are generally based on movable pressure sensing insoles and/or inertial sensors, combined with
an external electronic module (signal acquisition/pre-elaboration, data transmission). Examples of
in-shoe systems can be found in the works from Edgar et al. [41] and Bae et al. [54].
Commercial products are limited to professional instruments for clinical evaluation and to a
few consumer devices for sports and training of healthy users. Professional products include the
F-scan [55] (Tekscan Inc., Boston, MA, USA) and the Pedar [56] (Novel Inc., Munich, Germany) systems
that are sensing insoles for the monitoring of dynamic temporal and spatial pressure distributions.
Example applications of professional products are gait stability analysis [57], gait phase detection [58]
and analysis of the gait characteristics during running [59]. Despite the reliable performance and the
high spatial resolution, the professional systems are not suitable for long-term monitoring in daily life
conditions: both systems are expensive (on the order of several kEuros) and use electrical wires to
connect the insole to the waist-worn acquisition system. The consumer products are generally made
by applying an external measurement and transmission unit to a dedicated shoe (e.g., Adidas miCoach,
Nike + iPod). The common aspect is the reduced number of sensors (typically only one inertial sensor)
and the interaction with the smartphone in which a dedicated app can deliver special information to
the users (e.g., workout time, velocity, distance travelled, calories), engaging them for reaching higher
performance during physical activity.
In the current paper, we assessed a recently developed commercial smart shoe for automatic gait
phase detection in level walking. The prototype we employed is the FootMoov smart shoe [60] produced
by the Italian shoe factory Carlos srl (Fucecchio, Firenze, Italy). FootMoov was originally designed as
a mobile game controller and for simple physical activity training and coaching. FootMoov can be
interfaced with the smartphone through a WiFi connection and has built-in force sensors (heel and
forefoot), triaxial accelerometer (forefoot), chargeable battery and acquisition/transmission module.
We chose to assess and develop the gait phase detection algorithm for FootMoov since, unlike the
current professional and consumer products, all of the hardware—including sensors and electronics—is
integrated inside the shoe, and no external modules or application of additional parts are needed.
On the other side, FootMoov is a consumer product. Thus the sensor number and locations are not
optimized for gait analysis. In addition, the precise sensor locations and orientation inside the shoe is
unknown. In accordance with the current trends in wearable technology, the aim of this work is to
show the possibility to employ a low cost smart shoe as a tool for biomedical and e-health applications,
allowing the continuous and long-term monitoring of users/patients in daily life. To the best of our
knowledge, the assessment of such a wearable product does not exist in the current literature.
In particular, we assessed the smart shoe for the real-time quantification of the temporal
parameters of gait. We developed a dedicated gait phase detection algorithm that combines the
information extracted from the force and accelerometer sensors of the FootMoov smart shoe. In a first
experiment, we collected data on ten healthy subjects in free level walking conditions to perform a
preliminary and qualitative assessment of the system and algorithm performance. In this test, the
algorithm recognized 5925 strides over the total amount of 6000 strides (98.7%). In a second test,
we performed a quantitative evaluation of the system in comparison with a reference gait phase signal
obtained by an optical motion capture instrument. We evaluated the time difference in the onset of
the detected gait phases with respect to the reference (mean error of 44.7 ms) and the error in the
estimation of the single phase durations (minimum error of 0.036 s for Heel Strike , with a maximum
error of 0.11 s for Heel Off).
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2. Material and Methods
2.1. FootMoov
FootMoov is an innovative smart shoe with sensors and an electronic unit fully integrated inside
the footwear, below the insole. The wireless (WiFi) connection enables the use of dedicated smartphone
or tablet apps for the acquisition and elaboration of the sensor data.
The smart shoe includes two force sensors and one triaxial accelerometer. As shown in Figure 1,
the force sensors are located approximately in the center of the heel and forefoot regions, while the
accelerometer is positioned below the insole in correspondence of the shoe tip. FootMoov has a built-in
battery, chargeable through a mini-USB connector placed in the rear part of the shoe, below the turn
on/off switch. Sensors and electronics are integrated in the right shoe only. Inclination and foot
movement could be estimated from accelerometer data, while the foot mechanical interaction with the
ground can be extracted from the force sensors.
za
ya
xa
Fh Ff
Figure 1. The FootMoov prototype. The green arrows indicate the location of the heel and forefoot
force sensors (output Fh and Ff respectively). The local reference frame of the calibrated accelerometer
(outputs ax, ay, az) is reported in red (xa, ya, za). In the rear part of the shoe it is possible to see the
on/off switch and the mini-USB connector for battery charging.
The accelerometer integrated in the FootMoov system is a tri-axial digital sensor with low power
consumption, ultra-compact dimension and 12-bit resolution for a dynamic full scale range of ± 2 g.
Force sensors are analogue force sensitive resistors (FSRs) in which a variation of the electrical resistance
is generated when a pressure in the sensing area is applied. The output characteristic of the FSRs is
inversely proportional to force. When the sensor is unloaded the resistance is higher than 2 MΩ. Then,
when applied load increases, the electrical resistance decreases. An inverting analog circuit amplifies
the FSR output before it is digitally converted. The core of the FootMoov electronics is a low-power
and low-cost microcontroller. This device manages sensor data acquisition and wireless transmission.
In particular, the microcontroller provides the analog-to-digital conversion of force sensors signal and
the digital I/O ports for the acquisition of the digital accelerometer data. A WiFi module is integrated
in the FootMoov hardware for the transmission of the sensor data packet to remote devices such as
smartphones, tablets or PCs. The transmitted packet is composed of the timestamp (microcontroller
internal time reference), the accelerometer data (expressed in logical values) and by two more values
related to the front and rear force sensor, respectively (logical values corresponding to the converted
force signals). By knowing the packet structure and its transmission protocol (i.e., information supplied
by the FootMoov producer), we developed a dedicated app to allow the wireless connection and data
exchange with FootMoov. This app is able to retrieve, store and visualize in real-time the sensor signals.
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The app is based on the TCP/IP protocol in which the FootMoov shoes act as the server while the
mobile devices (smartphones, tablets or PCs) are the clients. The client (user) sends a query to the
server (FootMoov system) and once the server answers through the client IP address, the connection
is established. Then, a “Start” button turns on, and the user can launch the data acquisition session.
FootMoov samples and streams the logical values of the converted sensors data to the smartphone
(25 Hz).
2.2. Gait Phase Detection
To develop our gait phase detection algorithm, we started from a revision of the existing methods.
Since FootMoov is endowed with force and inertial sensors (see Section 2.1), we were inspired to
create our gait detection algorithm from the one of Pappas et al. [43]. In particular, we employed a
similar state machine with four states corresponding to the four gait phases described in Section 1.
As described in Section 2.2.1, we pre-processed the FootMoov sensor data to obtain the quantities for
the rule based transitions between the machine states. More specifically, we calibrated and processed
the triaxial accelerometer signal to extract the foot inclination (the yaw angle ψ) and the inclination
velocity (the yaw time derivative ψ′), and we acquired the heel and fore-foot loading signals from
the FootMoov force sensors (Fh and Ff respectively). Finally, Section 2.2.2 describes the gait phase
detection algorithm applied to pre-processed FootMoov signals.
2.2.1. Signal Pre-Processing
We pre-processed the accelerometer signal to estimate the foot inclination (yaw angle ψ), required
by the phase detection algorithm described in Section 2.2.2. We converted the raw accelerometer signals
from logical values to the measured acceleration expressed in units of g. Note that the orientation of
the accelerometer inside the shoe is unknown and not necessarily aligned with the reference frame
reported in Figure 1 (i.e., due to internal shoe conformation and/or fabrication tolerance). This aspect
implies an offset in the detected inclination (i.e., the inclination is not zero when the shoe lies on
an horizontal plane). To avoid the inclination offset, we conceived a dedicated calibration phase.
The accelerometer calibration is a two-step procedure derived from the one described in our previous
work [61]. In the first step, we measured the accelerometer output when the user was standing upright
in a natural position to align the z-axis of the accelerometer with the axis Za (in the upright position,
Za is supposed parallel to the absolute vertical, see Figure 1). In a second step, starting from the
same up-right position, asked the subject to perform a simple foot movement (three consecutive
dorsi-flexions of the ankle). This second measurement allows us to obtain the final alignment by
applying the transformation (rotation along Za) that minimizes the variation of the accelerometer
x component. Triaxial accelerometers measure both inertial acceleration and local gravity. In static
conditions, only the gravity is present and the inclination of the accelerometer with respect to the
vertical is known. In these conditions, the Euler angle ψ (ZYX convention [62]) can be obtained in
terms of the accelerometer components:
ψ = atan2(ay, az), (1)
where atan2 is the four quadrant inverse tangent and ax, ay,and az are the calibrated accelerometer
components expressed in units of g. In dynamic conditions, the estimation of ψ by the accelerometer
components (Equation (1)) is not reliable due to the effect of the inertial acceleration. It is well known
that the inclination estimation error increases as the activity intensity increases (e.g., running, jumping).
In literature, to overcome this issue, low pass filtering with very low cut-off frequencies [63] or
complex Kalman filter based techniques [64] were applied. These techniques can introduce delays
that are not compatible with gait phase detection. Considering the accelerometer inside the FootMoov
prototype (Figure 1), the yaw angle represents the rotation angle of the foot around the accelerometer
x-axis (positive for anti-clockwise rotations). In our application, we can suppose having quasi-static
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conditions when the foot is in contact with the ground (from the Heel-strike to the end of the Heel-off
phase) and dynamic conditions when the foot is flying forward (Swing phase). As we will describe
in Section 2.2.2, our gait phase detection algorithm exploits the inclination information to detect the
transitions between Heel-strike to Stance and Stance to Heel-off. In these situations, we can consider the
accelerometer in quasi-static conditions and directly apply Equation (1) to the calibrated accelerometer
components to obtain the yaw angle (ψ).
For the force sensors, we simply scaled the outputs (logical values) to obtain the Fh and Ff signals
with the following characteristics: (i) Fh = 0 and Ff = 0 when the sensors are unloaded and (ii) Fh ≈ 1
and Ff ≈ 1 when the sensors are fully loaded. We determined the scale factor after a preliminary
experimental session in our laboratory. We recorded data from three subjects requested to walk for
60 s. In this preliminary walking trial, we evaluated the scale factors as the mean of the relative
maximum of the force signals (SFh = 1405 and SF f = 2003 for the heel and front sensors, respectively).
We also evaluated the baselines of Fh and Ff as the sum of the mean and the standard deviation of the
un-loaded sensors (bFh = 0.008 and bFf = 0.005 for the heel and front sensors, respectively).
2.2.2. Detection Algorithm
The state machine is reported in Figure 2. Four state transitions (Ei, i = 1, ..., 4) are allowed and
correspond to the gait events of the normal walking.
Heel  
strike
Stance
Heel 
off
Swing
E1
E2E3
E4
Figure 2. Gait phase detection algorithm.
The state transitions are governed by the following rules:
• E1 (Heel-strike to Stance): in the Heel-strike state, Stance is detected when both heel and fore-foot
sensors are loaded or the foot rotational velocity is close to zero ( [Fh > thFh AND Ff > thF f ] OR
|ψ′| < δψ′ );
• E2 (Stance to Heel-off): in the Stance state, Heel-off is detected if the heel sensor is unloaded and
the foot inclination angle (ψ) exceeds a certain threshold (Fh < thFh AND ψ > thψ);
• E3 (Heel-off to Swing): in the Heel-off state, Swing is recognized if heel and fore-foot are unloaded
and the rotational velocity turns from positive to negative ([Fh < thFh AND Ff < thF f ] AND
ψ′ < 0);
• E4 (Swing to Heel-strike): in the Swing state, Heel-strike is detected as the heel touches the ground
and the heel sensor is loaded (Fh > thFh).
We also evaluated the stride period as the temporal distance between the onset of two consecutive
Heel-strike phases and, accordingly, the cadence as the number of strides per minute. The state
machine has the same working frequency of the FootMoov sampling rate (25 Hz).
We set the thresholds of the force sensors as two times their baselines (see Section 2.2.1). We fixed
thψ = 0.035 rad and δψ′ = 0.52 rad/s in accordance with the literature values from [43,65]. The 60 s
preliminary walking trial was also useful to verify these parameters.
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2.3. Experiments
To assess the FootMoov system and the gait phase detection algorithm, we conceived two different
experimental tests.
2.3.1. Free Walking Experiment
The first test aimed at a qualitative assessment of the prototype and the gait detection algorithm in
daily life level walking conditions. Ten healthy subjects were recruited and were asked to walk on level
ground. The subjects walked in outdoor conditions in an open space free of obstacles. The subjects
had no physical or neurological impairments that affect the characteristics of their walking activity.
The subject characteristics were different for age, weight and height, and are reported in Table 1. They
were instructed to choose the cadence of a normal walking activity. We requested the subjects to wear
the FootMoov shoes and to execute a fixed number of strides (150 strides) repeated for four times.
During each session, number of strides, distance traveled and time elapsed were manually stored as
useful information for the evaluation of the system and the algorithm developed. Through the app
described in Section 2.1, we collected the FootMoov raw data (force sensors and accelerometer) that
were transmitted and stored in the smartphone that was kept in the subject’s pocket during the walking
trials. Data were elaborated off-line in Matlab by applying the pre-processing algorithms of Section 2.2.1
and the gait phase detection algorithm of Section 2.2.2. Here—to obtain a preliminary qualitative
evaluation—we compared the number of strides detected by the algorithm (i.e., as occurrence of two
consecutive heel strike phases) with the total number of strides (150 for each trial).
Table 1. User characteristics.
Age (Mean ± Std) [Years] Weight (Mean ± Std) [kg] Height (Mean ± Std) [m]
26.75 ± 3.1 76.875 ± 8.5 1.768 ± 0.06
2.3.2. Motion Capture Experiment
The second test aimed at a quantitative evaluation of the smart shoe and the detection algorithm.
We evaluated the FootMoov prototype and our gait phase detection algorithm in comparison with
a reference gait phase signal obtained through an optical motion capture device. We adopted a four
camera optical motion capture system (Smart DX100 produced by BTS Bioengineering [66]). Two
passive markers were applied to the FootMoov shoe, as shown in Figure 3, in correspondence with
the tip and heel area. The absolute position of the markers was acquired by the BTS system with a
working frequency of 100 Hz. According to [43], we built the gait phase reference signal by applying
a rule based algorithm to the vertical positions of the heel and tip markers. Subjects were asked to
wear the FootMoov shoes (with the passive markers on) and to walk within the workspace of the
cameras (see Figure 3). At the same time, raw sensor data coming from the FootMoov system were
acquired and stored in the smartphone. The space used for this experiment was about 5 meters long
and 2 meters wide, and the subjects repeated the session four times. Data were again elaborated
off-line (pre-processing: Section 2.2.1, gait phase detection: Section 2.2.2) and were synchronised and
compared to the reference gait signal.
To synchronize the two acquisition systems (FootMoov and BTS motion capture), we generated
a reference signal to determine the time period in which the trial session occurred. The reference
signal is a step waveform signal (TTL value) which is “High” during the acquisition period, and
“Low” otherwise. This signal, activated by the smartphone app, is used to manage the BTS system
through a specific port devoted to external signal acquisition. In particular, we used this step waveform
signal as a trigger for the control of the recording session of the motion capture system. Moreover,
to double-check the correct data alignment, the subject was requested to perform a particular foot
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movement at the beginning of each session. This movement generates a significant variation in both
sensor data and marker signals, easily recognizable as a session starting point.
Figure 3. Subject performing the trials within the motion capture (BTS system) workspace. The two
markers, attached to the right FootMoov shoe at the tip and heel area, are tracked by the BTS system
during the walking activity.
The purpose of this experiment was to test FootMoov and our gait phase detection algorithm
in terms of duration of the single gait phases and time delay of their onset. We evaluated the mean
and the standard deviation of the durations of each gait phase (HS, ST, HO, SW) and compared the
values obtained with the reference phase duration statistics. In addition, we calculated the error (eij)
expressed as the phase duration difference between our algorithm (FM) and the reference (REF):
eij = ∆TFMij −∆TREFij , where ∆T is the phase duration and i indicates the gait phase (HS, ST, HO or SW)
of the j− th step. The mean and the standard deviation of the errors (eij sequences) were also evaluated.
We performed a statistical analysis on the eij sequences to verify, for each phase, the null hypothesis
that the error in gait phase duration is a zero mean random variable. In particular, we performed a t-test on
each eij sequence. The significance level was fixed at α = 0.05. For each gait phase, the corresponding
p-value of the different samples have been computed. Calculations were performed by using the
function t-test included in Matlab R© (Mathworks, Massachusetts, MA, USA).
3. Results and Discussion
3.1. Free Walking Experiment
Figure 4 shows a typical output of the gait phase detection algorithm for two subjects
performing the evaluation test in the outdoors, and in free walking conditions (first test described in
Section 2.3.1). The force and accelerometer signals (Fh, Ff , ax, ay, az) and the detected gait phase
signal are reported. The gait phase signal has four levels corresponding to the four gait phases:
(1) Heel-strike; (2) Stance; (3) Heel-off; and (4) Swing. We evaluated the number of strides recognised in
comparison with the effective number of strides (150 strides, performed by 10 users for four times each,
for a total of 6000 steps registered). The algorithm recognized 5925 strides over the total amount of
6000 strides (98.7%). In all the detected steps, we observed the correct sequence of the four gait phases.
Despite this being a preliminary and qualitative evaluation (i.e., no comparison with a reference
system), it is important to underline that a reliable stride count may be important to estimate the
distance travelled, as demonstrated by the study of Truong et al. [67]. Note that, even if we performed
an off-line processing, our algorithm can be suitable for real-time implementation (i.e., mandatory
for applications such as the drop foot control). To this aim, we estimated the computational load as
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the mean time spent by the algorithm (both pre-processing and gait phase detection) to estimate the
current state. The value obtained was 0.9 ms and is compatible with real-time implementation.
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Figure 4. Typical output of the gait phase detection algorithm for two different subjects. Each subfigure
- (a) and (b) - reports the sensor signal and the gait phase detection for one subject. In the top graphs, the
force value Fh and Ff are reported. The middle figures report the calibrated accelerometer components
(ax, ay, az). The bottom traces are related to the detected gait phases.
3.2. Motion Capture Experiment
Figure 5 shows a typical comparison between the FootMoov gait phase detection and the reference
signal obtained by the optical motion capture system (second test described in Section 2.3.2).
For a first quantitative evaluation, we calculated the average time delay that affected the onset
of the gait phase detection. The average delay among the four phases was 44.7 ms. This delay was
comparable with the results of previous studies such as [43]. Note that the low sample frequency
(25 Hz) of Footmoov introduces a time resolution of 40 ms, comparable with the error committed.
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Figure 5. Comparison of our gait phase detection algorithm and the reference gait phase signal. In the
top graph, the force value Fh and Ff are reported. The middle figure reports the calibrated accelerometer
components (ax, ay, az). In the bottom figure, the reference gait phase signal is reported in red while
the signal obtained by FootMoov elaborated with our detection algorithm is reported in blue.
In addition, Table 2 summarises the performance of the sensing shoe and our gait detection
algorithm in terms of duration of the single gait phases detected (for each phase, we extracted the
mean and the standard deviations of REF and FM and the related error as defined in Section 2.3.2).
For all the four phases, the t-test performed on the eij sequences indicated that the null hypothesis
(i.e., the error sequence distribution has zero mean ) cannot be rejected. The corresponding p-values are
reported in Table 2. The mean values of the detected and the reference phase durations are comparable.
The minimum error (mean + standard deviation) is in the HS phase (0.036 s) while the maximum is
in the HO phase (0.11 s). These errors, always lower than 3 times the time resolution, may be due
to the fixed system of thresholds (defined in Section 2.2.2) that could not be tailored to the specific
characteristics of all the subjects.
Table 2. Mean and standard deviation of the duration of the gait phases (REF and FM), mean and
standard deviation of errors (eij) and p-values of the statistical evaluation.
Mean [s] Std [s] p
HS
REF 0.125 0.013
FM 0.117 0.03
e 0.008 0.028 0.3
ST
REF 0.350 0.057
FM 0.310 0.098
e 0.039 0.065 0.07
HO
REF 0.293 0.061
FM 0.249 0.099
e 0.044 0.07 0.12
SW
REF 0.535 0.043
FM 0.514 0.036
e 0.021 0.050 0.25
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3.3. Study Limitations
Despite the promising performance, several limitations of our work should be mentioned.
First, we tested our algorithm for level walking conditions only, without considering other possible
typical situations such as stair ascending/descending or walking on irregular ground (i.e., in stair
ascending/descending the first contact after the swing phase is not likely to be on the heel). The second
limitation is that we tested the system and the algorithm with healthy subjects with normal walking
styles (pathological gaits can have different sensor signatures, difficult to be detected by the algorithm).
However, our study was conceived as a preliminary evaluation of the commercial wearable technology
and as a test for our algorithms to be used in daily life conditions for biomedical applications, but
a more intensive testing phase with different walking conditions would be needed. We expect that
both issues could be solved by adding new possible transitions between the machine states. Another
possible solution would be to study and develop a system of adaptive thresholds that can be tailored to
the particular subject’s physical characteristic walking style or pathology. The last limitation is related
to the reference signal obtained with the optical system. A validation against a force platform would
be more solid and will be considered in future works.
4. Conclusions
In this paper, we have reported the assessment of a consumer smart sensing shoe for the detection
of gait phases during walking activity. We developed a gait phase detection algorithm that fuses
data of inertial and force sensors built-in the FootMoov smart shoe. We tested the prototype and
the detection algorithm in free level walking conditions on ten healthy subjects and in a laboratory
setting in comparison with an optical motion capture system. The combination of force sensors and
accelerometers provided a reliable detection of the gait phases and made it possible to discriminate
walking activity from load shifting in static tasks. As a preliminary and qualitative result, the algorithm,
tested in free walking conditions, recognised 5925 strides over a total amount of 6000 strides (98.7%).
To obtain a quantitative evaluation of the performance of the wearable system and the detection
technique, we compared the gait phase signal with a reference signal obtained by an optical motion
capture instrument. First of all, we extracted the time difference between our gait phase signal and the
reference. We achieved a mean delay of 44.7 ms, comparable to previous study in this field, and mostly
limited by the low sampling frequency of the smart shoe (25 Hz). In terms of possible applications,
the achieved performance may be compatible with real time FES drop foot compensation (errors below
70 ms are considered sufficiently small [68]). We also assessed the reliability of the temporal duration
of the gait phases we detected. The mean durations of the single gait phases are comparable.
In conclusion, we have demonstrated the possibility to use a consumer and low cost wearable
device for the estimation of temporal parameters of gait. The demonstrated performance and the
characteristics of the prototype—that is a conventional shoe that can be worn without any discomfort
for the user—may boost the application of such technology in many fields. For example, it may be
possible to monitor or prevent specific gait conditions or to manage and coach the recovery from a
physical or neurological pathology. Another possible application may be to use the smart shoe as
a feedback device to train healthy subjects or athletes in the optimisation of their walking/running
behaviour. Future works will be devoted to extensive tests on a wider number of subjects (both normal
and pathological walkers) with different walking conditions. The possibility to develop a system
of subject-specific or pathology-specific thresholds will also be considered. We will also study the
detection of spatial gait parameters to complete the set of relevant parameters that can be extracted by
the wearable system.
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Appendix A. Temporal and Spatial Gait Parameters
According to the definition from Pappas et al. [43], the normal gait cycle can be divided in four
consecutive periods:
• Heel-strike: starts with the initial contact of the heel and ends when the entire foot is on the ground;
• Stance: the entire foot is in contact with the ground;
• Heel-off: the frontal part of the foot touches the ground while the heel is above the ground;
• Swing: the foot is not in contact with the ground and moves forward.
The gait events are defined as the transitions from one phase to the next. The walking cycle is the
period from heel strike to heel strike of the same foot [69].
The main temporal gait parameters are: (i) the stride period: the time from two consecutive ground
contacts of the same foot; (ii) the step period: the time from two consecutive ground contacts of different
feet; (iii) the duration of the gait phases (Heel-strike, Stance, Heel-off, Swing), normally expressed in
percentages to facilitate the comparison between subjects; and (iv) the cadence: the number of strides in
a minute. The main spatial gait parameters are: (i) the stride length: distance between two consecutive
ground contacts of the same foot; and (ii) the step length: distance between two consecutive ground
contacts of the different feet. Note that if the step length and the cadence are known, it is possible to
determine the step velocity.
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